Introduction
Monitoring and control of combustion flames in utility boilers are required in order to optimise combustion conditions. As one of the most important sources to evaluate the quality and efficiency of a combustion process, the nature of a flame is associated with fuel type, air/fuel ratio, pollutant emissions, burner structure and furnace load. However, due to the nonlinear nature of the flame and disturbances from the combustion environment, most flame monitoring devices currently available in the power industry are rudimentary in operation and serve primarily as safety devices 1,2.
Recent advances in image processing and neural network techniques make it feasible to develop an intelligent vision system for the monitoring and control of combustion flames. These methods can be used as an effective means of identifying the nature of a supervised flame and characterising the flame in terms of physical parameters. Visual systems for flame diagnosis reported by Matsuzaki et al 3, Sassi et al 4 and Hirvonen et al 5 demonstrated the potential of such approaches in industrial applications. Victor et al 6 developed a vision-based neural network classifier for the characterisation of the flames in glass furnaces, but only identified were geometrical parameters of a diffusion flame. AlIen et al 7 demonstrated an irnaging neural network control system for spray flames on a liquid-fuelled rig, where a spray flame was identified by emission Images Flow -where gp is the mean value of greylevels correspondent to H(p).
Architecture of the neural network
The learning ability of neural networks is expected to assist in establishing the rules of the flames' classification. Several network structures with different sets of flame parameters have been tested in order to determine an appropriate type of network. The final architecture chosen is a supervised multiple-layer feed-forward network, which consists of four layers: Input layer: 5 PEs (processing elements), representing 5 flame parameters, i.e., L, R, Xc' B, and U, Ist hidden layer: lOPEs, 2nd hidden layer: 5 PEs, Output layer: lOPEs, corresponding to 10 flame states (described below).
Control algorithm
A control algorithm performs further processing of the network outputs and formulates control decisions. Theoretically the outputs of the network should be a single value of '1 ' on the identified flame and '0' on all the others. In practice, however, one PE of the output layer has a value higher than the-remaining PEs but less than unity, and the remaining PEs have small but non-zero values. Thus the errors can be converted into control variables to determine the rotary direction and steps of the stepper motors. The block diagram of the control algorithm is shown in Figure 3 .
Since the current state could never reach the set-state perfectly, it is necessary to introduce an appropriate tolerance range, /)., into the system. When the error of the system output is less than /)., the flame is regarded as being within the set-state and then the control system takes no action. 
. H(P)(1<p<8). H(P)
represents the total number of the pixels in the correspondent greylevel range p. Obviously, the values of H(P) provide important information on the luminous characteristic over all the flame. U is therefore defined as the intensity deviation between the 'brighter' part and the 'darker' part of R, i.e.:
Luminous parameters
The luminosity of a flame is described by brightness (B), distribution of luminous intensity (H(P» and luminous uniformity (ll). B represents the integrated luminous intensity contributed by all pixels in the luminous region R. H(P) is initially obtained by counting the number of pixels against each greylevel over R, known as histogram analysis, i.e.:~{ algorithms for characterisation of the flame images. Neural network architecture was constructed by using a specialised software package.
A flame image is the two-dimensional projection ofa three-dimensional flow field. It can be regarded as a spatial distribution of mass points in the X-V co-ordinate plane where the luminous value of each image pixel, so called greylevel, represents the mass value of the presumed mass. From this point of view, a set of parameters describing the geometry and luminosity of the flame can be defined. Although this sensing arrangement has inherent limitations due to the superposition effects along the optical path at each pixel, it does not affect statistical properties of the flame 9. rate, lower luminous components (less visible) develop at the root ofthe flame and so Xc tends to move toward the front of the flame. Xc still remains at a higher value at the air/fuel ratio of 8 while Land R start dropping. Figure 6 depicts the variations in distribution of luminous intensity H(p). It can be seen that H(p) is inversely proportional to the air flow rate. This is because a more intensive chemical reaction takes place at a higher mixed air/fuel flow rate and so the flame becomes less visible. It has been also noted that a greater luminous region develops nearby the root of the flame when the air/fuel ratio is approximately 20 or over, especially when it is near the stoichiometric ratio (30.9 for air/butane). Figure 7 shows the variations in luminous uniformity U. It can be seen from the plot that the values of U computed at a same flame state are clearly clustered in the same region. 
Experimental results and discussions

Generation of flame states
Following the definition of the geometrical and luminous parameters of a flame and development of the essential computing algorithms, a series of experiments have been carried out in order to evaluate the system over a range of combustion conditions. In the experiments, 5 fuel flow rates were set in a range from 4 to 12 cm 3 /s with an increment of2 cm 3 /s. At each fuel flow rate, 10 air/fuel ratios were selected from 0 to 36 with an equal interval of 4. The air/fuel ratios were normalised to integers from 1 to 10 and these normalised air/fuel ratios were used to name the correspondent . flame states, i.e., State I regarding flames at the air/fuel ratio of '0' State 2 regarding flames at the air/fuel ratio of '4', and so on. It should be noted that the choice of these 10 ratios was just because it gave a reasonable subdivision of the continuous air/fuel flow rate. There was no particular physical or chemical significance behind this selection. Figure 4 shows typical flame images taken from the corresponding states at a fuel flow rate of7.83 cm 3 /s. The absolute value of U indicates the degree of uniformity. It means that the higher the value of U, the more uniform the flame. The polarity of the value indicates the nature of flame luminosity, i.e., positive sign means that the flame is mainly in the domain of the 'higher' luminous components, whilst negative sign indicates that the flame is mainly in the domain of the 'lower' luminous components.
Neural network training
The experimental data obtained above were used to optimise the design of the neural network. To make training and testing processes more effective, dynamic properties of the data we analysed. Those data outside the range of deviations from the average values were eliminated during construction of the training and testing data. The training data comprised 450 records of the flame parameters for each state, making a total of 4500 records for a constant fuel flow rate. The testing data comprised 100 records of the flame parameters, making a total of 1000 records for a constant fuel flow rate. After 50,000 training iterations, the sum of the root-mean-square errors was <0.2. The actual successful classification rates are summarised in Table 1 . It is clear that the computed flame parameters permit a clear distinction between the various pre-defined states. The trained network was finally incorporated into the software system so that on-line flame identification and control were achieved.
Closed-loop control
Experiments on closed-loop control of the flames were carried out to evaluate the effectiveness of the control algorithm. A user interface (Figure 8 ), was developed so that changes in flames and the variations in the flame parameters could be observed during the control process. A set-state could be selected from any of the 10 predefined set-states and the tolerance range was set as 0.1. It was found that the system was able to move to setstate successfully after 5 to 6 controlloops, starting from an arbitrary state. A typical example of the variation in the control variable is shown in Figure 9 .
Conclusion
Experimental results obtained on a laboratory-scale combustion rig have demonstrated that the geometrical and luminous parameters of the flame are closely related to the air and fuel flow rates. The neural network developed has revealed itself able to identify the flame states with high successful classification rates (up to 97%). The results have also indicated that the control algorithm could successfully interpret the outputs of the neural network and guide the flame from an arbitrary state to a desired state over 5 to 6 control loops within a small tolerance range. It can therefore be concluded that the approach presented in this paper is feasible and effective for the quantitative identification and closed-loop control of combustion flames. 
